Introduction
Mobile video is considered a major upcoming application and revenue generator for broadband wireless networks like WiMAX and LTE. Therefore, it is important to design a proper resource allocation scheme for mobile video, since video traffic is both throughput consuming and delay sensitive.
In order to compare resource allocation schemes for mobile video, it is necessary to have an accurate model of the video traffic that represents real mobile videos. For limited-resource networks like WiMAX, it is essential to maximize the resources utilization. An accurate video model can provide the basis for a reliable traffic predictor that is the core component of any dynamic resource allocation scheme.
MPEG video frames are known to have seasonal characteristics. As shown in the Figure 1 , MPEG video frames are divided into three types: I, P, and B-frames. These frame types differ in their function and size. For example, I-frames are the largest in size, and B-frames are the smallest in size.
Fig.1: Seasonal Characteristics of MPEG Video
Typically, the pattern of video frames is repeated every "s" frames, where s is the Group of Picture (GoP) size. This observation justifies our approach to model MPEG videos as a time series.
The SAM Model
Our mathematical model is based on the seasonal autoregressive integrated moving average (SARIMA) models [1, 2] . SARIMA models aim to achieve better modeling by identifying both nonseasonal and seasonal parts of the data series.
The process of modeling a data series includes two steps: identifying the model order, and then estimating the model coefficients. The first step requires human intervention due to the significant statistical requirements in determining the best model. The second step uses algorithms like maximum likelihood (ML) to estimate the model's coefficients. SARIMA can be described as follows:
where p is the order of the autoregressive (AR) part; q is the order of the moving average (MA) part; d is the order of the differencing part. The parameters P, Q, and D are the corresponding seasonal order, respectively. The parameter s denotes the seasonality of the series. Our proposed model: Simplified Seasonal ARIMA model (SAM), as a SARIMA model, can be written as follows:
where z is the video seasonality, which in most cases is equal to the used GoP size. This simplification means that SAM does not require any human intervention, and needs only 4 coefficients to be estimated. These coefficients are: SAM provides a unified approach to model video traces encoded with different video codec standards, using different encoding settings [1] [2] [3] . In recent research results [1, 2, 7] , it was shown that SAM is capable of capturing the statistical characteristics of video traces within 5% of the optimal model for these video traces. In addition, in [3] , we demonstrated that SAM has a clear edge in modeling high definition (HD) video traces over both AR modeling, and the automatic SARIMA estimation algorithm proposed in [4] , that implements a unified approach to specify the model's order using a step-wise procedure. Based on our SAM model, we developed a trace generator that can be used to evaluate the performance of video based simulations. The trace generator provides the researchers with the ability to produce user-defined length traces that resemble the desired statistical attributes [2, 5] . In [1] , we presented the results of our analysis of various scheduling methods for Mobile WiMAX networks using the SAM traffic generator. These are Earliest Deadline First (EDF), Deficit Round Robin (DRR) and Easiest Deadline First with Deficit Round Robin (EDF-DRR). The simulation results for EDF, DRR, and EDF-DRR show that EDF is the most unfair. While EDF-DRR is an improvement, DRR is the most fair and provides the best performance for real-time mobile video traffic.
Video Traffic Prediction
SAM, as an accurate source model, can be used to predict future traffic based on the available shortterm history of the incoming video frames. Using SAM difference"s equation (3), future incoming video frames can be easily forecasted. We demonstrated in [6] that SAM provides 55% improvements on average, in terms of prediction accuracy compared to AR, and 53% improvements over the automatic SARIMA model estimation algorithm [4] .
HD Video Traces Collection
We collected more than 50 HD video traces from the HD section of YouTube website that represents a wide variety of statistical characteristics. We encoded these traces using AVC codec with the most common settings, confirming experts" recommendations [6] . These traces provide the research community with the means to test and research new methods to optimize network resources. All the video traces are available to the research community through our website [5].
Our modeling and prediction comparisons are based on our HD video traces collection. The comparison results are available to the research community along with our developed tools [5] .
In addition, we performed a full statistical analysis on our video traces collection. Our analysis included factor analysis using principle component analysis (PCA), and cluster analysis using k-means clustering [3] .
Conclusions
The SAM model provides a convenient and accurate approach to model, generate and predict video traffic. It may be considered for practical solutions to solve the dynamic resource allocation challenge for live video streams, due to its ability to provide accurate results for the most common video codecs. This is especially important for networks with limited resources like WiMAX and LTE.
